Abstract ： Cardiovascular disease (CVD) is a fatal disease of the heart or blood vessels. Intravascular optical coherence tomography (IVOCT) as a newly emerging optical-based technology can provide real-time, high-resolution, and three dimensional images with micrometer resolution. In this paper, an automatic lumen detection method composed of OTSU threshold and active contour model, was investigated to improve the robustness and accuracy. The proposed method is compared with manual lumen detection (MLD), and then average distance and max distance results are obtained. For the given datasets, the average distance and max distance is 0.020mm and 0.088mm respectively. Furthermore, an automatic plaque segmentation and classification is proposed to use Hidden Markov Models(HMM), GLCM and Random Forests algorithm. From the color-code plaque classification results, the approach proposed is available. In conclusion, this method can deal with IVOCT image with high robustness and accuracy.
Introduction
Currently, cardiovascular disease (CVD) is fatal disease of the heart or blood vessels. Intravascular Optical coherence tomography (IVOCT) is a newly promising imaging technology, which has greater advantages than other technologies in resolution. Traditionally, OCT lumen detection and plaque characterization were performed manually which is time consuming. On the contrary, automated image analysis can (1) reduce the heavily burdens of operators, (2) provide more comprehensive diagnosis, and (3) help reduce interobserver variability [1] . The automated analysis method produced in previous studies consists of two parts: the lumen border detection and the plaque classification. Many research groups have proposed several algorithm for detecting vascular wall contour. Gurmeric et al. proposed that the lumen border can be segmented by using threshold method and Catmull-Rom spline interpolation algorithm [2] . Moraes et al. presented lumen segmentation , based on wavelets and mathematical morphology [3] . Tsantis et al. used a MRF model and CWT transformation to estimate the shape of the lumen border [4] . After the lumen detection, plaque classification can be performed using optical properties or various tissue features. Xu et al. proposed a single scattering model to extract the backscattering and attenuation coefficients of tissue [5] . Ughi et al. selected regions of interest by using the attenuation coefficient estimates and then classified the issues by spatial gray-level dependence matrices (SGLDMs) [6] . In this study, we introduce a systematic approach for the segmentation of the lumen border and the characterization of intravascular plaques (calcium, lipid, fibrous). Firstly, an automatic lumen detection method was investigated to improve the robustness and accuracy. This method is based on OTSU threshold and active contour model. Secondly, identification of the different plaque roughly relies on tissue region detection by HMM method and accurately plaque identification by machine learning techniques.
Method

Lumen Detection.
An automatic lumen detection method was investigated to improve the robustness and accuracy. Firstly, we roughly detect the lumen by OTSU threshold method. After polar transformation, a active contour model is used to correct the contour of the lumen border and to extrapolate the contour in the area of the guide-wire shadow.
Otsu's threshold. Otsu's method is used to automatically perform IVOCT image thresholding to generate a binary image. However, as the signal intensity drops off with the detection depth, the yonder organizations usually miss identification. In order to improve the detection sensitivity, we do OTSU threshold for each line rather than full image. Fig.1(a) shows the test result of the OTSU line by line while Fig.1(b) shows the result of the complete OTSU image. The sensibility of signal testing is increased. The contour within the vascular wall is obtained by transforming the image from polar to Cartesian coordinates.
Figure.1 (a)OTSU threshold line by line, (b)OTSU threshold for fully image
Active Contour Model. The contour is deformed under the pressure of internal energy and external energy. While the external energy draws active contour to move towards the edge of an object, the internal energy keep the active contour smooth and connective. When energy diminishes to minimum value, the active contour arrives at the edge of the object. Assumed the closed curve v(s) constitutes a contour, its internal energy is depicted as
Where   
The curve total energy is
The position of the contour as shown in Fig.2(a) is assessed by the external energy and force field. The active contour model is used to make the total energy lowest by iteration, so that the contour matchs the contour shaping excellently, as shown in Fig.2(d) . 
Plaque Segmentation and Classification
An automatic plaque segmentation and classification method are applied by four setps: (1) plaque region segmentation by HMM, (2) calcium plaque detection following Zhao Wang's method, (3) gray level co-occurrence matrices(GLCM) texture feature vectors extraction and (4) plaque classification using Random Forests.
Plaque region segmentation.
As lumen border is precisely confirmed, it is considered as the internal boundary of tissue area and the profile beyond 2mm is regarded as the external boundary, as shown in Fig.3(a) . HMM is implemented to get plaque regeion, as shown in Fig. 3(b) . , that is shown as a signal poor region. Therefore, the FT and LT can be identified by machine learning techniques. Following the Zhao Wang's method [7] ， the CA plaque is localized by edge detection and traced using a combined intensity and gradient-based active counter model. The results are shown in Fig.3(c) . Classification. All the previous feature vectors are used as input to Random Forests(RF) algorithm. RF is an ensemble learning method for classification, regression and other tasks, that operate by constructing a multitude of decision trees at training time and outputting the class that is the model of the classes. After parameter tuning, we use the specific with 100 trees and 8 variables. Each of feature vectors is classified into two classes: (1) fibrous tissue and (2) lipid tissue. Hence, classification results can be displayed in color-coded as shown in Fig.4(b) . 
Results
In the experiments on IVOCT, its imaging is collected by means of the FD-OCT CRX7 system.
Each dataset contains about 200 frames of images. In order to check algorithm precision, three datasets are tested. Firstly, through a manual outlining test, the located outlining of artery walls are regarded as a standard. Then, the averages and maximums within the results of the automatic and manual tests are calculated by the method of this paper. 
Conclusions
In this study, the proposed lumen detection approach is compared with manual lumen detection (MLD), and average distance and max distance results are obtained. For the given datasets, the average distance and max distance is 0.020mm and 0.088mm. It shows that the method of this paper can precisely obtain the tested images of lumen border. Furthermore, there is a significant different between lipid and fibrous in some statistics such as contrast, energy and correlation. From the color-code plaque classification results, the approach proposed is available. In conclusion, this method can automatic analyze IVOCT image with high robustness and accuracy.
